In this paper, an efficient DT-CWT based method for medical ultrasound images despeckling is presented. The ultrasound images are often deteriorated by speckle noise, this noise is a random granular texture that obscures anatomy in ultrasound images and degrades the detectability of low-contrast lesions. Speckle noise occurrence is often undesirable, since it affects the tasks of human interpretation and diagnosis.Different from many other schemes with wavelet transform are used on one side in which the studies have dealt more with the standard DWT case. However, the Discrete Wavelet Transform (DWT) has some disadvantages that undermine its application in image processing.In this study we investigated a performances complex wavelet transform (DT-CWT) combined with Bivariate Shrinkage.The proposed method was tested on a noisy ultrasound medical image, and the restored images show a great effectiveness of DT-CWT method compared to the classical DWT.
INTRODUCTION
We Ultrasound echography technique is one of the most widely used in medical analysis and diagnosis domain, since it permits to observe all kinds of soft tissues in a non-invasive way. The interpretation of ultrasound images remains a difficult task due to the inherent speckle noise in the images which affects the detectability of low contrast lesions. The speckle noise is usually described than it is created by complex interference of ultrasound echoes and variations in tissues attenuation, propagation and scattering properties make echoes interfere in complex ways [ [7] . The last one have become more prevalent in the transform domain despeckling community owing to their excellent spatial localization, frequency spread and multiresolution characteristics, which are similar to theoretical models of the human visual system (HVS) [8] . Many challenges have been made to remove this noise using wavelet transform [9] [10]. A comparative study have been reported by Mariana Carmen and al where it has been proved that the discrete wavelet transform gives a much better result than the spatial filtering methods for despeckling ultrasound images [11] . In the wavelet domain, the Discrete Wavelet Transform (DWT) have limits and major disadvantages that undermines its application for some image processing as; lack of shift invariance, poor directional selectivity for diagonal features and others [12] . Being motivated by applications and advantages of wavelet transform domain, considering these previous results in the literature, in the ultrasound images denoising, we focus our approach by working to put the extension in Dual-Tree Wavelet transform (DT-CWT) case, to its best directional selectivity and using steps of pre-and post-processing, providing significant stake in the study of statistical noise [8] . The most promising Dual-Tree wavelet Transform (DT-CWT) proposed by N. Kingsbury, used two classical wavelet trees developed in parallel with filters forming (approximate) Hilbert pairs looking into the benefits such as good directional selectivity in two-dimensions (2D) approximate shift invariance, the orientation of the wavelets and perfect signal reconstruction (PR) have come to resolve all these problems [13] . To restore the ultrasound images in the complex wavelet domain is very easy and provides the spatially varying spectral characteristics required for de-noising in additional the existence of dual tree is the advantage in the study of statistical noise. In this, an efficient DT-CWT combined with a Bivariate estimator based method for despeckling ultrasound medical images is proposed.
SPECKLE NOISE STUDY
The presence of scatters smaller than the wavelength creates the so-called speckle noise. It is a random, deterministic image patterning caused by the interference of the subresolution scattered echoes. Its texture does not contain information about the underlying tissue.It mean brightness does in principle reflect the brightness of the tissue.
Speckle has been widely studied in the literature. In this context Pioneering and distinguishing works have been done by Goodman [14] . The first discussion of ultrasound speckle using statistical optics can be found by Burckhardt [15] . A classic paper on the second-order statistics of speckle is by Wagner et al. [14] . A discussion of Rician statistics in tissue characterization was being studied by Insana and al. [2] . Assuming that the statistics of the RF signal are White Gaussian and the scatters are independent.The envelopedetected signal follows a Rice distribution equation:
(1), Wherea is the mean scatter spacing is the strength of a specular reflector, σ is the standard deviation of noise and is the incomplete Bessel function of order zero. The Rician PDF is parameterized by a single parameter k, which is defined as:
The Rician distribution reduces to the Rayleigh distribution for the special case , that is, when there are no bright scatters. Then the image consists in purely speckle patterning due to sub-resolution scatters. The Rayleigh distribution is defined in [2] by equation:
However log-compression changes the characteristics of the signal probability distribution.
In particular, it affects the high intensity tail of the Rayleigh and Rician more than the low intensity part. Strictly the logcompression on Rician document is a Fisher-Tippett distribution is expressed as: However, some approximations can be made. If it is considered as Gaussian, Kao et al. [16] [19] frequency compounding [20] and spatial compounding [21] [22] . Generally speckle is modeled as multiplicative noise and its reduction is done by multiplying wavelet coefficients by speckles reduction ratio. The mathematical expression for a signal observed at point whose coordinates in the ultrasound image is as follows: Assuming that speckle noise to be fully developed and independent of 'f' so we can write:
With , and , where (x, y) -th pixel's ultrasound image andthe corresponding tissue-reflectivity at the speckle noise.
is an additive noise [23] and can be ignored in practice.
is a noise independent from the signal. In the following the model used for the ultrasound image is:
Where is the observed intensity of the image and f is is the free noise intensity. Within homogenous regions this model offers as good approximation [24] [25] . To cover the multiplicative noise an additive one the noise image is log-transformed yielding.
(8) Where , and are the logarthms of , and respectively. Now it is demonstrated that speckle noise distribution can be approximated as additive Gaussian [16] . In considering the linearity Property in the noise study as with any redundant frame analysis; when a stationary noise even if white is subject to a dual decomposition tree statistical dependencies appear between coefficients [26] [27] . After applying the DT-CWT on (8), we obtain: (9), Where, G ŋ (x,y), ,F ŋ (x,y) and U ŋ (x,y), denote (x,y) -th wavelet coefficient at level of a particular detail subband of the DT-CWT of G,F and U respectively and ŋ (ŋ= 1,2…,J).
WAVELET TRANSFORM APPROACH 3.1 Discrete Wavelet Transform (DWT )
The implementation of an analysis filterbank for a single level 2D-DWT with the algorithm of Mallat on the decomposition of an image, with two filter banks low pass and high pass respectively . This structure produces detailed sub-images (HH,HL and LH) corresponding to three different directional-orientation (horizontal, vertical and diagonal) and a lower resolution subimage (LL) [28] . The filter bank structure can be iterated in a similar manner on (LL) channel to provide multilevel decomposition as illustrated in Fig. 1 . 
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The classical discrete wavelet transform (DWT) provides a means of implementing a multiscale analysis based on a critically sampled filter bank with perfect reconstruction [21] . However questions arise regarding the good qualities or properties of the wavelets and the results obtained using these tools; the standard DWT suffers from the following problems described as below.
-Shift sensitivity: it has been observed that DWT is seriously disadvantaged by the shift sensitivity that arises from down samples in the DWT implementation [12] [13].
-Poor directionality: an m-dimension transform (m>1) suffers poor directionality when the transform coefficients reveal only a few feature in the spatial domain.
-Absence of phase information: filtering the image with DWT increases its size and adds phase distortions; human visual system is sensitive to phase distortion [16] . Such DWT implementations cannot provide the local phase information. In other applicationsand for certain types of images it is necessary to think of other more complex wavelets which gives a good way because the complex wavelets filters which can be made to suppress negative frequency components. As we shall see the CWT has improved shift-invariance and directional selectivity [29] .
3.2Dual-Tree Complex Wavelet Transform (DT-CWT)
The discrete and complex dual tree wavelet transform (DT-CWT) was introduced by N. Kingsburg around in 1990. This implementation uses consists in analyzing the signal by two different DWT trees, with filters chosen so that at the end, the signal returns with the approximate decomposition by an analytical wavelet. The dual-tree structure has an extension of conjugate filtering in 2-D case, this structure is shown in Fig. 2 
Imaginary trees
Figure.2. Filterbank structure for DT-DWT
This structure needs four trees for analysis as well as for synthesis. The pairs of conjugate filters are applied to two dimensions (0 and 1), wich can be expressed as:
The synthesis of filters suitable for this structure was performed by several people.
The wavelet corresponding to the tree's "imaginary part" is very close to the Hilbert transform of the wavelet corresponding to the trees "real part" [30] . , where ŋ = 1,2,….,J. Because of the existence of two trees, it appears that the second noise coefficients moments from such decomposition can be precisely characterized. The DT-CWT ensures filtering of the results without distortion and with a good ability for the localization function and the perfect reconstruction (PR) of signal. In the noise study, as with any redundant frame analysis, when a stationary noise, even if white, is subject to a dual decomposition tree, statistical dependencies appears in coefficients [12] [26] [27]because of the existence of two trees.It appears that the second noise coefficients moments from such decomposition can be precisely characterized. We observe a decorrelation between primal and dual coefficients located at the same spatial position and an interscale correlation which allows us to choose between several estimators taking this phenomenon into account. If we consider an image degraded by a Gaussian n white centered additive Gaussian noise with a spectral density; the decomposition coefficients are also affected by that same noise as part of the linearity property. The noise spectral density can be known or not, we can use a robust estimator calculated from the coefficients of the higher frequency bands [29] [31] [32] . With this advantage we can choose an appropriate estimator for denoising and by the case of DT-DWT we will estimate the spectral density in each tree.
THE BIVARIATE MAP ESTIMATOR
Implemented by LeventSendur and Ivan W. Selesnick [33] gives a performance for image denoisingexploiting the statistical dependence between wavelet coefficients and their 'parents'. In considering these image as corrupted by additive independent white Gaussian noise with variance σ 2 b
In the multiresolution domain, if we use the orthogonal wavelet transform, the de-noising problem can be formulated as follows:
being the noise coefficient, , the original coefficient, and , corresponding to the Gaussian independent noise. Our goal is to estimate from . To do this we will use an MPE (Maximum Posterior Estimator) filter [34] . If the 1 coefficient is the considered an detail and 2 is considered its "parent" (the detail coefficient located in the same geometric position, but calculated in the next iteration. Each sub-band "parent" coefficient will be over-sampled for the same number of elements than that of the corresponding "children" coefficients shown in Fig3.
Figure3.Dependency across scales of wavelet coefficients (neighborhood N(ŋ) illustration)
The standard MAP estimator for ω given the corrupted observation y is:
In considering than image as corrupted by additive white Gaussian noise with zero mean we can write: (14) Using the notation as:
Proposed in [34] the model for useful image in wavelet transform as: (16) Where, represents the set of coefficients on the ŋ th of wavelet transform of useful image calculated to ŋth iteration and w 2ŋ is the set of coefficients of the useful image calculated to the next iteration.
The equation of the MAP filter defined in (13) and (14) takes the form defined in:
This form is equivalent to the equation system:
Considering the definition of the function f, we can write :
Taking into account the density of probability expressed in (14) , the system of equation in the form as:
The nth solution of the last equations system is as follows:
. (22) Which can be interpreted as a bivariate shrinkage function. Here (g)+ is defined as:
The marginal variance σ 2 is also dependent on the coefficient index ŋ and sigma for ŋth coefficient will be estimated using neighboring coefficient the region N(ŋ); where N(ŋ) is defined as all coefficients within a square shaped window that in centered at the ŋth coefficient .Fig3 [33] .. The noise variance σ 2 b is estimated from the robust median estimator as follow: (24 ) From this observation model, one gets;
where is the marginal variance of noisy observations y 1 and y 2 .Since y 1 and y 2 are modeled as zero mean, can be found empirically by: (26) 'M' is the size of the neighborhood N(ŋ), than … can be estimated as : (27) 
PROPOSED EXPERIMENTAL METHOD
Consider that the speckle is a multiplicative and with the appropriate estimator (Bivariate shrinkage) method which exploits the inter-scale dependencies relations between the coefficients and their parents; we can to restore the image with best quality [34] .
The key idea of wavelet shrinkage is that the wavelet representation can separate the signal from the noise. (4)We compute the IDT-CWT(inverse dual-tree complex wavelet) and take exponent for obtained the de-noised image In the case of the classical DWT, we use the estimator on the coefficients obtained. For DTT, as mentioned above, we used two coefficients sets obtained from the primal and dual trees and treated separately, as if we had two independent wavelet compositions, which brings us back to the application of two estimators, one on each coefficient set.
The logarithm is applied at the image for to transform a multiplicative noise an additive noise before computing it with DT-CWT . After computing the details wavelet coefficients, will be threshold with appropriates filters chosen, we compute the IDT-CWT this data, finally we obtain the de-noised estimate image after inverse logarithm. The performance of the proposed approach is measured in one side by the quantitative measures namely MSE (mean square Error) and PSNR (peak Signal to Noise ration) between host and restored images are determined as : (14) And, PSNR (dB) = 10 log10 (2552 /MSE)
On the other hand, to meet the expectations of clinicians, a test has been increased to physician echograph address, on the quality of images; this test methodology is as follows:
Considering the ultrasound images were anonymized firsttime summers and echographs were asked the question, whether the image presented to them is acceptable to the diagnosis and answer, yes or no. Secondly, restored image compared to the image host for each case placed side by side, this time the original is revealed, the observer will quantify on a scale of 1-9 shown: 1: Inacceptable for diagnosis; 9: No visible difference; 7: No loss of diagnostic information; 5: In the limit the loss of information, discrete anomalies can be omitted; 3: Important diagnostic information can be omitted, degradation affects the interpretation and 1: Unsatisfactory for diagnosis.
In the other hand, to meet the expectations of clinicians, a test
RESULTS AND DISCUSSION
Here we present the results, the method described were applied on a two ultrasound images The first set of image is obtained by corrupting a clean ultrasound medical image pixels with noising having various standard deviation (ao,b)and the second speckled image is a ultrasound medical image obtained from (www.ee.nmt.ed).A performance of this approach is compared using forward wavelet transform combined withVisu-Shrinkage and Bivariate Shrinkage for each case. The results of these experiments are confirmed it, in Table I . Fig.6 .a1and b1 shows a poor contrast, in general the speckle is efficiently reduced and structures are enhanced with almost no loss or noticeable artifact in other images of Fig.6 . The results of these experiments are confirmed it, in Table 1 . For the noisevarianceestimated in order 0.04 in the real speckled medical image, the PSNR values are shown in Table  1 , it can be observed that a combined DT-CWT and Bivariate shrinkage gives better results. 
Figure7.shows the despeckled (corrupted) images with
Bivariate Shrinkage (ebove) and Visu Shrinkage (below), it's shown a strong contrast ,with DWT, admissible results with RDWT and better for CWT.
In comparison the despeckling or thresholding methods chosen, it may be noted that the poorer performances are obtained with DWT, which remains well below the Bivariate Shrinkage.The results are shown in quite similar as shown in Fig 8& 9 . Where the graph shows this superiority. 
Fig8. Comparison Chart of PSNR of DT-CWT
6.CONCLUSION
We developed and implemented a technique to combine DT-CWT domain and Bivariate shrinkage from different ultransoud medical images to reduce noise and restored the image degraded by this speckle. the presented combined techniques may permit improving the performance of despeckling algorithm. CWT, which showed to be best in image despeckled did not show the same degree of improvement as in ultrasound medical images for the combined with VisuShrinkage application he experimental results show that the proposed method considerably improves the image quality without generating any noticeable artifact, and provides an additional better performance compared the existing algorithm in the literature. Noise within ultrasound images was reduced in some techniques, although this showed to have less relevance for clinical practice than border delineation. The analysis shows that there are regions were noise was completely eliminated without affecting either edges or texture. Since all sub-images of details of a given DWT have zero mean value the denoising method proposed the approximation sub-images are not filtered. The Bivariate Shrinkage filter does not change the mean of processed images; the results obtained with the proposed approach have been made availed to clinicians and proved diagnoses.
7.ACKNOWLEDGEMENTS
The authors would like to thank Pr. ERIVES Hector (www.ee.nmt.edu ) for the excellent scientific comments and for providing the ultrasound medical speckled image which we used in this paper.
REFERENCES
[1] J.W. Goodman. 1985 Assessment of fast anisotropic diffusion and scan conversion of real-time three-dimensional spherical ultrasound data for visual quality and spatial accuracy. In SPIE International Symposium on Medical Imaging, volume 5370, pages 526{537.
[6] Gupta, S., Chauhan, R. C., and Sexana, S. C. 
